The vehicle-to-vehicle (V2V) propagation channel has significant implications on the design and performance of novel communication protocols for vehicular ad hoc networks (VANETs). Extensive research efforts have been made to develop V2V channel models to be implemented in advanced VANET system simulators for performance evaluation. The impact of shadowing caused by other vehicles has, however, largely been neglected in most of the models, as well as in the system simulations. In this paper we present a shadow fading model targeting system simulations based on real measurements performed in urban and highway scenarios. The measurement data is separated into three categories, line-of-sight (LOS), obstructed line-of-sight (OLOS) by vehicles, and non line-of-sight due to buildings, with the help of video information recorded during the measurements. It is observed that vehicles obstructing the LOS induce an additional attenuation of about 10 dB in the received signal power. An approach to incorporate the LOS/OLOS model into existing VANET simulators is also provided. Finally, system level VANET simulation results are presented, showing the difference between the LOS/OLOS model and a channel model based on Nakagami-m fading.
signal not only by blocking the LOS but also they act as scattering points which helps to capture more power in the absence of LOS [10] . A few measurement results for a non-LOS (NLOS) environment are available [11] [12] [13] [14] [15] in which the path loss model is presented for different types of street crossings.
In addition to the NLOS situation, the impact of neighboring vehicles can not be ignored. In [5] , it is reported that the received signal strength degrades on the same patch of an open road in heavy traffic hours as compared to when there is light traffic. These observed differences can only be related to other vehicles obstructing LOS since the system parameters remained the same during the measurement campaign. Similarly, Zhang et al. in [16] presented an abstract error model in which the LOS and NLOS cases are separated using a thresholding distance. It is stated that the signals will experience more serious fading in crowded traffic scenario when the distance between the TX and RX is larger than the thresholding distance.
In [17] and [18] , it is shown that the vehicles (as obstacles) have a significant impact on LOS obstruction in both dense and sparse vehicular networks, implying that shadowing caused by other vehicles cannot be ignored in V2V channel models. To date, in majority of the findings for V2V communications except [17] and [18] , the shadowing impact of vehicles has largely been neglected when modeling the path loss. It is important to model vehicles as obstacles, ignoring this can lead to an unrealistic assumptions about the performance of the physical layer, both in terms of received signal power as well as interference levels, which in turn can effect the behavior of higher layers of V2V systems.
In order to characterize the channel parameters separately for LOS and non-LOS conditions V2V communication links in this paper are categorized into following three groups:
• Line-of-sight (LOS) is the situation when there is an optical line-of-sight between the TX and the RX.
• Obstructed-LOS (OLOS) is the situation when the LOS between the TX and RX is obstructed completely or partially by another vehicle.
• Non-LOS (NLOS) is the situation when a building between the TX and RX completely block the LOS as well as many other significant MPCs. The channel properties for LOS, OLOS and NLOS are distinct, and their individual analysis is required. No path loss model, except a geometry based channel model published recently [19] , is today available dealing with all three cases in a comprehensive way.
The main contribution of this paper is a shadow fading channel model (LOS/OLOS model) based on real measurements in highway and urban scenarios distinguishing between LOS and OLOS. The model targets vehicular ad hoc network (VANET) system simulations. We also provide a solution on how to incorporate the LOS/OLOS model in a VANET simulator. We model the temporal correlation of shadow fading as an auto-regressive process. Finally, simulation results are presented where the results obtained from the LOS/OLOS model are compared against the Cheng's model [20] , which is also based on an outdoor channel sounding measurement campaign performed at 5.9 GHz. The reason to choose Cheng's model for comparison is that the Cheng's model do not classify measured data as LOS, OLOS and NLOS, but it represents both the small-scale fading, and the shadowing by the Nakagami-m model.
The remainder of the paper is organized as follows. Section II outlines the outdoor V2V measurements and explains the methods for separating LOS, OLOS and NLOS data samples which serves as first step to model the effects of shadow fading. It also includes the derivation of path loss and modeling of shadow fading in LOS and OLOS cases as log-normal distribution. The channel model is provided in section III. First, the extension in traffic mobility models is suggested to include the effect of large-scale fading, and then the path loss model is presented and parameterized based on the measurements. VANET simulation results are discussed in Section IV. Finally, section V concludes the paper.
II. METHODOLOGY A. Measurement Setup
Channel measurement data was collected using the RUSK-LUND channel sounder, which performs multiple-input multipleoutput (MIMO) measurements based on the switched array principle. The measurement bandwidth was 200 MHz centered around a carrier frequency of 5.6 GHz and a total N f = 641 frequency points. For the analysis the complex time-varying channel transfer function H(f, t) was measured for two different time durations: short term (ST), 25 s, and long term (LT), 460 s. The short-term and long-term channel transfer functions were composed of total N t = 49152 and N t = 4915 time samples, sampled with a time spacing of ∆t = 0.51 ms and ∆t = 94.6 ms, respectively. The test signal length was set to 3.2 µs.
Two standard 1.47 m high station wagons, Volvo V70 cars, were used during the measurement campaign. An omni-directional antenna was placed on the roof of the TX and RX vehicles, taped on a styrofoam block that in turn was taped sideways to the shark fin on the center of the roof, and 360 mm from the back edge of the roof. Videos were taken through the windscreen of each TX/RX car and GPS data was also logged during each measurement. Video recordings and GPS data together with the measurement data were used in the post processing to identify the LOS, OLOS and NLOS conditions, important scatterers, and to keep track of the distance between the two cars. The videos were synchronized to the measurements. 
B. Measurement routes
Eight routes in two different propagation environments were chosen with differences in their traffic densities, roadside environments, number of scatterers, pedestrians and houses along the road side. All measurements were conducted in and between the cities Lund and Malmö, in southern Sweden.
Highway: Measurements were performed when both the TX and RX cars were moving in a convoy at a speed of 22 − 25 m/s (80 − 90 km/h), on a 2 lane (in each direction) highway, between the cities of Lund and Malmö, Sweden. The traffic density was varying on both sides of the road from low to high traffic. Along the roadside there were trees, vegetation, road signs, street lights and few buildings situated at random distances. The direction of travel was separated by a (≈ 0.5 m tall) concrete wall whereas the outer boundary of the road was guarded by a metallic rail.
Urban: Measurements were performed when both the TX and RX cars were moving in a convoy as well as in the opposite directions, in densely populated areas in Lund and Malmö. The TX and RX cars were moving with different speeds, between 0 − 14 m/s (0 − 50 km/h), depending on the traffic situation. The streets were either single or double lane (12 − 20 m wide) lined with 2 − 4 storied buildings. There were trees on either side and sidewalks on both sides of the streets. Moreover, there were road signs, street lights, bicycles and many parked cars, usually on both sides of the street. The streets were occupied with a number of moving vehicles as well as few pedestrians walking on the sidewalks.
In total 3 ST and 2 LT measurements for highway, and, 7 ST and 4 LT measurements for urban-convoy were performed. During each measurement, the LOS was often obstructed by other cars, taller vans, trucks, buses or houses at the street corners.
C. LOS, OLOS and NLOS separation
The measured channel transfer functions were first separated as LOS, OLOS and NLOS for all the measurements. The geometric information available form the video recording from the measurements has served as the foundation for the separation process. To distinguish the LOS samples from OLOS and NLOS samples, we define LOS condition as when it is possible for one of the cameras to see the middle of the roof of the other vehicle. Otherwise, the LOS is categorized as blocked. The blocked LOS situation is further categorized into two groups as defined above; OLOS and NLOS. The recorded videos contain 25 frames per second and are synchronized to the measurements. Therefore, a frame-by-frame evaluation of video data is performed to separate the data for LOS, OLOS and NLOS cases.
During the whole measurement run, the TX-RX link transited between LOS, OLOS and NLOS states a number of times, i.e., LOS-to-OLOS: 61 times in urban and 23 times in highway scenario, similarly, LOS-to-NLOS: 4 times in urban and 0 times in highway scenario. Each time the TX-RX pair is in either LOS, OLOS or NLOS state, it remains in that state for some time interval and travel a certain distance relative to the speed vehicles. In Table I the traveled distances for both the scenarios; urban and highway, are tabulated together with the distances where TX/RX were in LOS, OLOS and NLOS, respectively. The Cumulative Distribution Function (CDF) of these LOS/OLOS distance intervals are shown in Fig. 1 . No transition took place from OLOS-to-NLOS. The NLOS does not usually occur on highways, and the data samples for NLOS data in urban measurements are too few to be plotted as a CDF.
D. Pathloss Derivation
The time varying power-delay-profile (PDP) is derived for each time sample in order to determine the path loss. The effect of small scale fading is eliminated by averaging the time varying PDP over N avg number of time samples, the averaged-PDP (APDP) is given by [21] as
for t k = 0, N avg ∆t, ..., N t /N avg − 1 N avg ∆t, where h(t k + n∆t, τ ) is the complex time varying channel impulse response derived by an inverse Fourier transform of a channel transfer function H(f, t) for a single-input single-output (SISO) antenna configuration. The N avg corresponds to the movement of the TX and RX by s = 15λ and is calculated by N avg = s v∆t , where ∆t is the time spacing between snapshots and v is the velocity of TX and RX given in each scenario description. N avg ∆t equals 32 ms and 71 ms for highway and urban scenarios, respectively, and they are chosen such that the wide-sense stationary (WSS) assumption is valid over N avg snapshots [22] .
The noise thresholding of each APDP is performed by suppressing all signals with power below the noise floor, i.e., noise power plus a 3 dB additional margin, to zero. The noise power is determined from the part of PDP, at larger delays, where no contribution from the transmitted signal is present. Thus, the zeroth order moment of the noise thresholded, small-scale averaged APDPs gives the averaged channel gain for each link as,
where τ is the propagation delay. Finally, the antenna influence and other implementation losses such as cable attenuation and the effect of the low-noiseamplifier (LNA) were removed from the measured gains. The azimuth antenna pattern was almost omni-directional with variations of about 2 dB and peak gain of about 3.7 dBi, which was measured in an anechoic chamber. The distance dependent path-loss P L(d) is then calculated using the following equation,
where G h (d) is the distance dependent channel gain, which is obtained by matching the time dependent channel gain G h (t k ) to its corresponding distance d between TX and RX at time instant t k , G a is the antenna gain, and P IL is the implementation loss.
GPS data, recorded during the measurements, was used to find the distance between TX and RX, which corresponds to the propagation distance of first arriving path for each time sample in the presence of LOS. The time resolution of the GPS data was limited to one GPS position/second. Thus, to make GPS data sampling rate equal to the time snapshots, interpolation of the GPS data was performed with a cubic spline method. The distance obtained from the GPS data was further validated, later, by tracking the first arrived MPC, in the presence of LOS, with a high resolution tracking algorithm [23] .
E. Large-scale or shadow fading
As explained earlier the effect of small scale fading is removed by averaging the received signal power over a distance of 15 λ. The averaged envelope is a random variable due to the large-scale variations caused by the shadowing from large objects such as building, and vehicles. The most widely accepted approach is to model the large-scale variations with a log-normal distribution function [7] , [24] .
For the analysis of large-scale variations the distance dependent channel gain G h (d) is divided into log-spaced distance bins and the distribution of the data associated to each bin is studied independently with and without the separation of LOS, OLOS, and NLOS data. Before the data separation it was observed that a log-normal distribution does not provide a good approximation of the data, as often anticipated, as shown in Fig. 2(a) and 2(d) . Moreover, an additional attenuation was observed, which made the spread in the channel gain large and the spread was different for different distance bins. The conclusion was drawn that the attenuation could possibly be associated to the LOS obstruction. Therefore, it was important to separate the data for the LOS, OLOS and NLOS situations. The analysis of the separated data sets showed that the large-scale variations for both LOS and OLOS can be modeled as log-normal distribution (see, e.g., Fig. 2 (b), 2(f)) with an offset of almost 10 dB in their mean. In highway and open scenarios even higher losses are expected due to obstructed LOS especially when the two cars have communication distance less than 80 m. This observation is in line with the independent observations presented in [18] . In which it is found that a single obstruction at the communication distance of about 10 m can cause an additional attenuation of about 20 dB.
The channel gain in the OLOS condition momentarily falls below the noise floor of the channel sounder and power levels of samples below the noise threshold can not be detected correctly. However, the OLOS data in each bin for shorter distances, with no missing samples, fits well to a log-normal distribution, and the assumption is made that the data continues to follow a log-normal distribution for larger distance bins where the observed data is incomplete. Moreover, the exact count of missing samples is also available, which can be used to estimate the overall data distribution. To get the mean and variance of Gaussian distributed LOS and OLOS data, the maximum likelihood estimates (MLE) of scale and position parameters from incomplete data were computed by using the method in [25] , in which Dempster et al. presented a broadly applicable algorithm that iteratively computes MLE from incomplete data via expectation maximization (EM).
III. CHANNEL MODEL
In this section a shadow fading model (LOS/OLOS model) for VANET simulations is provided. This model targets network simulation, where there is a need for a realistic model taking shadowing effects into account but still with a reasonable complexity.
A. Pathloss Model
The measurement data is split into three data sets; LOS, OLOS and NLOS. The parameters of the path loss model are extracted only for the LOS and the OLOS data sets, whereas, not enough data is available to model the path loss for the third data set, NLOS.
The measured channel gain for LOS and OLOS data for the highway and the urban scenario is shown as a function of distance in Fig. 3 and 4 , respectively. A simple log-distance power law [7] is often used to model the path loss to predict the reliable communication range between the transmitter and the receiver. The generic form of this log-distance power law path loss model is given by,
where d is the distance between TX and RX, n is the path loss exponent estimated by linear regression and X σ is zero-mean Gaussian distributed random variable with standard deviation σ and with some time correlation. The P L 0 is the path loss at a reference distance d 0 in dB. In practice it is observed that a dual-slope model, as stated in [20] , can represent measurement data more accurately. We thus characterize a dual-slope model as a piecewise-linear model with the assumption that the power decays with path loss exponent n 1 and standard deviation σ until the breakpoint distance (d b ) and from there it decays with path loss exponent n 2 and standard deviation σ. The dual-slope model is given by, Meas. Data LOS Meas. Data OLOS Dual−slope LOS Dual−slope OLOS Fig. 3 . Measured channel gain for the highway environment and the least square best fit to the deterministic part of (4). The distance between TX and RX is extracted from the GPS data, which can be unreliable when TX-RX are very close to each other. [20] , implying a somewhat better fit to the measurement data.
The path loss exponents before and after d b in (5) are adjusted to fit the median values of the LOS and OLOS data sets in least square sense and are shown in Fig. 3 and 4 . The extracted parameters are listed in Table III . For the highway measurements, OLOS occurred only when the TX/RX vehicles were widely separated, i.e., when d > 80 m, which means that there are too few samples to model the path loss exponent in OLOS for shorter distances. Thus, the path loss exponent for OLOS for shorter distances is not modelled. Whereas in practice, this is not always the case, the OLOS can occur at shorter distances if there is traffic congestion on a highway with multiple lanes.
It is interesting to notice that there is an offset ∆P L 0 in the channel gain for the LOS and OLOS data sets, which is of the order of 8.6 − 10 dB, and is very similar to the results that have previously been reported. In [17] an additional attenuation of 9.6 dB is attributed to the impact of vehicle as an obstacle. Meireles et al. in [18] stated that the OLOS can cause 10 − 20 dB of attenuation depending upon traffic conditions, as the congested traffic cause large attenuation. Moreover, it is important to mention that the path-loss exponents less than 2 have also been found in many other studies [9] , [20] , [21] , [26] , [27] . It is mainly due to the effect of two-ray reflection model in open and highway scenarios or due to wave-guiding in urban scenarios.
It is highly important to model the pathloss in the NLOS situation because power level drops quickly when the LOS is blocked by buildings. As mentioned above, the available measured data in NLOS is not sufficient to model the pathloss, therefore it is derived from available models specifically targeting similar scenarios, such as, [12] , [13] , [28] and COST 231-Welfish-Ikegami model (Appendix 7.B in [7] ). Among these, Mangel et al. in [13] presented a realistic and a well validated NLOS pathloss model which is of low complexity, thus, enabling large-scale packet level simulations in intersection scenarios. The basis for the pathloss equation in [13] is a cellular model proposed in [28] , which is slightly modified to correspond well to V2V measurements. Validation of the NLOS model using independent V2V measurement data is done in [29] , the results show that the model is a good candidate for modeling the pathloss in NLOS. For completeness Mangel's model [13] used for the NLOS situation is given as follows, 
where d r /d t are distance of TX/RX to intersection center, w r is width of RX street, x t is distance of TX to the wall, and i s specifies suburban and urban with i s = 1 and i s = 0, respectively. In a network simulator, the road topology and TX/RX positions are known, thus, these parameters can be obtained easily. The pathloss exponent in NLOS is provided in the model as n N LOS = 2.69 and Gaussian distributed fading with σ = 4.1 dB. For larger distances (d r > d b ) the model introduces an increased loss due to diffraction, around the street corners, being dominant. The NLOS model is developed for TX/RX in intersecting streets. If the TX/RX are not in intersecting streets but in parallel streets with buildings blocking the LOS then this NLOS model is not advisable. The direct communication in such setting might not be possible or not required but these vehicles can introduce interference for each other due to diffraction over roof tops. This propagation over the roof top can be approximated by diffraction by multiple screens as it is done in the COST 231 model. However, in [30] simulation results are shown which state that the pathloss in parallel street is always very high, > 120 dB. The value is similar to the one obtained with theoretical calculations for diffraction by multiple screens. As the losses for the vehicles in parallel streets are high, interference from such vehicles can simply be ignored.
B. Spatial Correlation of Shadow Fading
Once a vehicle goes into a shadow region, it remains shadowed for some time interval implying that the shadowing is a spatially correlated process. If a vehicle is in a shadow region there is possibility that its existence may not be noticed for some time. Hence, it is important to study the spatial correlation of the shadow fading as part of the analysis to find the average decorrelation distances.
The large-scale variation of shadow fading can be well described as a Gaussian random variable (discussed in section III). By subtracting the distance dependent mean from the overall channel gain, the shadow fading can be assumed to be stationary process. Then the spatial auto-correlation of the shadow fading can be written as,
The auto-correlation of the Gaussian process can then be modeled by a well-known analytical model proposed by Gudmundson [31] , which is a simple negative exponential function, where ∆d is an equally spaced distance vector and d c is a decorrelation distance being a scenario-dependent real valued constant. In the Gudmundson model, d c is defined as the value of ∆d at which the value of the auto-correlation function r x (∆d) is equal to 1/e. The value of the decorrelation distance d c is determined from both the LOS and OLOS measured auto-correlation functions and are given in Table III , for both the highway and urban scenarios, respectively. The estimated correlation distance is thus used to model the measured auto-correlation functions using (8) , and is shown in Fig. 5(a) and 5(b) .
Looking at decorrelation distance d c , the implementation of shadow fading in a simulator can, if desired, be simplified by treating it as a block shadow fading, where d c can be assumed as a block length in which the signal power will remain, more or less, constant.
C. Extension in the Traffic Mobility Models
The mobility models of today implemented in VANET simulators are very advanced, SUMO (Simulation of Urban Motility) [32] is one example of such an open source mobility model. These advanced models are capable of taking into account vehicle positions, exact speeds, inter-vehicle spacings, accelerations, overtaking attitudes, lane-change behaviors, etc. However, the ability to treat the vehicles as obstacles and model the intensity at which they obstruct the LOS for other vehicles is currently missing. Therefore, an extension for including shadowing effects in network simulators is provided herein, as stated in [33] . Since the vehicular mobility models implemented in the simulators give instantaneous information about each vehicle, the state of TX and RX vehicles can be identified by a simple geometric manipulation in the existing traffic mobility models as follows.
• Model each vehicle or building as a rectangle in the simulator.
• Draw a straight line starting from the antenna position of each TX vehicle to the antenna position of each RX vehicle.
• If the line does not touch any other rectangle, TX/RX has LOS.
• If the line passes through another rectangle, the LOS is obstructed by a vehicle or by a building, the two cases are distinguished by using the geographical information available in the simulator.
• Once the propagation condition is identified, the simulator can simply use the relevant model to calculate the power loss. The impact of an obstacle is usually assessed qualitatively by the concept of the Fresnel ellipsoids. Only the visual sight does unfortunately not promise the availability of LOS, it is required that the Fresnel zone is free of obstacles in order to have the LOS [7] . The availability of LOS based on Fresnel ellipsoids depends very much on the information about the height of the obstacle, its distance from TX and RX, the distance between TX and RX as well as the wavelength λ. The information, if available in the traffic mobility simulator, should be utilized for the characterization of LOS and OLOS situation.
IV. NETWORK SIMULATIONS
Finally, networks simulations are provided to show the difference between Cheng's Nakagami model [20] and the channel model presented herein distinguishing between LOS and OLOS. The simulation scenario is a 10 km long highway with four lanes (two in each direction). The vehicles appear with a Poisson distribution with three different simulation settings for the mean inter-arrival time; 1 s, 2 s, and 3 s. The three different mean inter-arrival times yield three different vehicle densities, where 1 s corresponds is ≈ 100 vehicles/km, 2 s corresponds to 60 vehicles/km, and 3 s corresponds to 40 vehicles/km. Every vehicle broadcasts 400 byte long position messages at 10 Hz (10 messages/sec) using a transfer rate of 6 Mbps and an output power of 20 dBm (100 mW). The channel access procedure is carrier sense multiple access (CSMA), that has been selected as medium access control (MAC) for VANETs supporting road traffic safety applications. The vehicle speeds are independently Gaussian distributed with a standard deviation of 1 m/s, with different means (23 m/s and 30 m/s) depending on lane. The vehicles maintain the same speed as long as they are on the highway. More details about the simulator can be found in [34] . The shadowing based channel model LOS/OLOS model presented herein has been compared against Cheng's Nakagami model [20] in the network simulations, where the latter is not capable of distinguishing between LOS and OLOS. Cheng's Nakagami model is also based on an outdoor channel sounding campaign, performed at 5.9 GHz in which the small-scale fading and the shadowing are both represented by the Nakagami-m model [20] . The fading intensities, represented by the m parameter of the Nakagami distribution, are different depending on the distance between TX and RX. The m values and the path loss exponents are taken from data set 1 in [20] to compute the averaged received power for Cheng's Nakagami model.
The averaged received power for the LOS/OLS and Cheng's Nakagami model is depicted in Fig. 7 . At shorter distances there is a little chance that another vehicle is between two communicating vehicles but as the distance increases the chances of being under OLOS either by vehicle, object, or due to the curvature of the earth, increases. The probabilities of being in LOS, P rob(LOS|d), and being in OLOS, P rob(OLOS|d), have been calculated from the network simulator for the highway scenario, as a function of distance and are depicted in Fig. 6 . To receive the averaged power as a function of distance similar to Cheng's model, these probabilities can be multiplied with the averaged received power for LOS, P RX,LOS (d), and OLOS, P RX,OLOS (d), using the following equation:
By using (9) the averaged received power from the LOS/OLOS model coincides with Cheng's Nakagami model, see Fig. 7 , which is very interesting to notice. In Fig. 8 , the packet reception probability is depicted for the two channel models; LOS/OLOS model and Cheng's Nakagami model, respectively, and for three different vehicle densities. On the x-axis, the distance between TX and RX is shown. For detailed analysis six pairs of vehicles, three pairs in each direction are studied in the simulations. Each pair travels in the same direction in different lanes with different speeds, where the vehicle with high speed will pass by the vehicle with the low speed. The selection of pairs where done to study individual performance of the vehicles. It should be noted that exactly the same number of communicating vehicles has been used for the different vehicle densities for every channel model, i.e., the same TX-RX pair are studied using both channel models. When TX and RX are close to each other, i.e., within 100 m, the two channel models perform equal. As the distance increases to 200 − 400 m, the vehicles exposed to the Nakagami model are experiencing a better packet reception probability. The vehicles exposed to the Nakagami model reach a packet reception probability of zero at around 700 m, whereas this is reached above 1000 m for the LOS/OLOS model. Real measurements [35] also show such a behaviour with occational successful packet transmission at larger distances. This also implies that the LOS/OLOS model contributes to interference at stations situated further away, which is in line with what is seen on the averaged received power in Fig. 7 . Here the OLOS part has a stronger signal than Cheng's Nakagami model above 700 m.
In Fig. 9 , the CDF for packet inter-arrival time for a vehicle density of 3 seconds (40 vehicles/km) is depicted. The received packet inter-arrival time is the time that has elapsed between two successfully received packets from a specific TX that RX is listening to. Around every 100 ms, the RX is expecting a new packet from a specific TX. The period is not exactly 100 ms due to channel access delays caused by, e.g., backoff procedures [36] . The different lines in the figure represent different distance bins. When TX and RX are within 100 m of each other, the RX can expect a new packet every 100 ms and the channel models only differ slightly in performance. When distance increases to 200 − 400 m, the vehicles under the treatment of the Nakagami model are experiencing a better packet inter-arrival times, which was also reflected in Fig. 8 . In the distance bin 300 − 400 m, studying the vehicles under Nakagami, in almost 60% of the cases there are no packets lost between two successful receptions and in about 25% of the cases, a single packet is lost between successful receptions. As the distance increases to above 400 m, stations under the LOS/OLOS model are having slightly better packet reception probabilities. The CDF for packet inter-arrival times for a vehicle density of 2 s (60 vehicles/km) is depicted in Fig. 10 . Here, it is seen that the gap in performance between the two models has decreased since there are more transmissions on the channel and the overall interference has increased. In Fig. 11 , CDF for packet inter-arrival times for the highest vehicle density case is depicted. Still, the stations under the treatment of Nakagami are experiencing a better packet inter-arrival pattern, especially for distances between 200 − 300 m. 
V. SUMMARY AND CONCLUSIONS
In this paper, a shadow fading model based on measurements performed in urban and highway scenarios is presented, where a separation between LOS, obstructed LOS by vehicle (OLOS) and obstructed LOS by building (NLOS), is performed. In the past, despite extensive research efforts to develop more realistic channel models for V2V communication, the impact of vehicles obstructing LOS has largely been ignored. We have observed that the LOS obstruction by vehicles (OLOS) induce an additional loss, of about 10 dB, in the received power. Network simulations have been conducted showing the difference between a conventional Nakagami based channel model (often used in VANET simulations) and the LOS/OLOS model presented herein. There is a difference in the performance of the two channel models. However, depending on the evaluated VANET application the obstruction of LOS cannot be ignored and there is a need for a LOS/OLOS model in VANET simulators. The LOS/OLOS model is easy to implement in VANET simulators due to the usage of a dual-piece wise path loss model and the shadowing effect is modeled as a log normal correlated variable with a mean determined by the propagation condition (LOS/OLOS).
